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ABSTRACT 
 
The quality and bitrate modeling is essential to effectively 
adapt the bitrate and quality of videos when delivered to 
multiplatform devices over resource constraint 
heterogeneous networks. The recent model proposed by 
Wang et al. [1] estimates the bitrate  and quality of videos in 
terms of the frame rate and quantization parameter. 
However, to build an effective video adaptation framework, 
it is crucial to incorporate the spatial resolution in the 
analytical model for bitrate and perceptual quality 
adaptation. Hence, this paper proposes an analytical model 
to estimate the bitrate of videos in terms of quantization 
parameter, frame rate, and spatial resolution. The model can 
fit the measured data accurately which is evident from the 
high Pearson correlation. The proposed model is based on 
the observation that the relative reduction in bitrate due to 
decreasing spatial resolution is independent of the 
quantization parameter and frame rate. This modeling can 
be used for rate-constrained bit-stream adaptation scheme 
which selects the scalability parameters to optimize the 
perceptual quality for a given bandwidth constraint. 
 
Index Terms— Scalable video coding, perceptual quality, 
video delivery, and bitrate modeling. 
 
1. INTRODUCTION 
 
Due to the emergence of diverse communication 
technologies and mobile computing platforms, the seamless 
delivery of videos for the multiplatform client devices has 
become a challenging task. Scalable video coding [2] offers 
the benefit of bitstream adaptation to match the constraints 
in heterogeneous networks and multiplatform devices using 
spatial, temporal and quality scalability. Since bitstream 
adaptation causes degradation of perceptual quality, the 
major challenge in deploying a video streaming framework 
is on maximizing the perceptual quality of scalable videos 
given the resource constraints. To address this challenge, an 
accurate model is required to correctly predict the total 
bitrate and perceptual quality for each combination of 
temporal, spatial and quality resolution.  
Recently, a number of studies addressed the cross 
dimensional video quality assessment either subjectively or 
objectively. Subjective assessment [3, 4] considers the 
human viewers opinions that watch the videos and provide a 
score for the quality of each video, whereas objective 
assessment [5-9] builds mathematical models to assess the 
perceptual quality. Some of the objective models consider a 
lot of features or parameters which makes them 
computationally expensive [5]. The modeling of bitrate as a 
function of quantization parameter was addressed in [9]. 
The modeling of bitrate in terms of frame rate and 
quantization parameter was recently addressed in [1] which 
proposes a mathematical model for the perceptual quality as 
well. However, the spatial resolution, which has a major 
impact on bitrate as well as perceptual quality, has been 
omitted in [1] and thus, needs to be addressed to design a 
more complete video adaptation framework. 
This paper presents a complete bitrate model for video 
adaptation by incorporating the spatial resolution in the 
bitrate modeling in addition to quantization parameter and 
frame rate. The bitrate model accurately predicts the bitrates 
from quantization parameter, frame rate, and spatial 
resolution of the videos. Being derived from the prior work 
[1], the proposed model uses a product of metrics that shows 
how the bitrate varies with the quantization parameter when 
the video is coded with the highest frame rate and the 
maximum spatial resolution, then a temporal correction 
factor for reduced frame rate and finally, a spatial correction 
factor for reduced spatial resolution. The model has high 
average Pearson correlation factor over all test sequences.  
The rest of the paper is organized as follows. Section 2 
describes the proposed analytical model for estimating 
bitrates in terms of quantization parameter, frame rate and 
spatial resolution. Section 3 demonstrates that the proposed 
bitrate model fits with the measured data accurately and 
finally, section 4 concludes the paper. 
 
2. THE PROPOSED BITRATE MODEL 
 
In the proposed bitrate model, the bitrate of a video is 
considered as a function of quantization parameter, frame  
rate, and spatial resolution. Hence, the bitrate (, , ) is 
written as 
(, , ) = 	
(, 	
, 	
)(, , 	
)(, , ),  (1) 
where 	
 = (	 , 	
 , 	
)  is the maximum bitrate 
for a chosen minimum quantization parameter  	 ,  a 
chosen highest frame rate  	
, and a chosen maximum 
spatial resolution 	
. Here 
(, 	
, 	
) =
(, 	
, 	
)
(	, 	
, 	
)
 
is the normalized rate vs. quantization parameter (NRQ) 
under the highest frame rate 	
 and the maximum spatial 
resolution 	
 . Similarly,  
(, , 	
) =
(, , 	
)
(, 	
, 	
)
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Figure 1: Normalized bitrate vs. normalized spatial resolution using different frame rates and quantization parameters. 
 
is the normalized rate vs. temporal resolution (NRT) under 
the same quantization parameter for the maximum spatial 
resolution, and   
(, , ) =
(, , 	
)
(, 	
, 	
)
 
is the normalized rate vs. spatial resolution (NRS) under the 
same quantization parameter and temporal resolution. The 
definitions of NRQ and NRT functions were explained in 
[1]. The factor (, , ) is newly introduced in this paper 
to explain the effect of spatial resolution on the bitrate of the 
video. As will be shown in the following section, the effect 
of ,  and  are independent of each other. Hence the 
functions can be written as (), () and () 
respectively. 
 The characteristics of the functions  () and () were 
broadly studied in [1] using the bitrate information derived 
from 4 test sequences. () was shown to be an inverse 
power function described as follows. 
() =  


,  > 1.       (2) 
On the other hand, () was shown to be a power function 
described as follows. 
() =  

,  < 1.          (3) 
The measured parameters  and  which were achieved by 
minimizing the root mean square errors between the 
measured and predicted rates, actually characterizes how 
fast the bitrate drops with the increase in quantization 
parameter and decrease in the frame rate respectively. The 
parameter  had the value approximately 1.2 for 4 
sequences [1]. However, the value of  varied with the 
intensity of motion in those test sequences. 
 
3. THE IMPACT OF SPATIAL RESOLUTION 
ON BITRATE 
 
 To accurately model the () function, we have 
experimented with a large dataset consisting of 8 test video 
sequences (“city”, “crew”, “football”, “foreman”, “harbour”, 
“mobile”, “news”, and “soccer”). Each of the test video 
sequence in the dataset has been encoded into 3 spatial 
resolutions (4CIF, CIF, and QCIF) with 3 temporal layers 
(frame rates 7.5 Hz, 15 Hz, and 30 Hz) using SVC reference 
software JSVM912 [10]. Each combination of temporal and 
spatial layer contains 3 quality layers achieved using 
quantization parameters (QP) of 40, 36, and 32 respectively. 
Since the actual bitrate of a video is influenced by the 
content of the video (motion, spatial details etc.), the bitrates 
at different quality layers are normalized by the rate at the 
minimum quantization parameter 	 = 32, highest frame 
rate 	
  = 30 Hz and spatial resolution 	
= 708 x 576 
(4CIF).   
 
Figure 1 shows the normalized bitrate vs. normalized spatial 
resolution for different quantization parameters and frame 
rates. The spatial resolution in the figure is normalized by 
the maximum resolution (4CIF). As shown in the figure, the 
NRS values overlap with each other for different 
quantization step parameters and frame rates. This indicates 
the effect of spatial resolution  on the bitrate is independent 
of quantization parameter  and frame rate . It was already 
observed in [1] that the effects of  and  on bitrate are 
independent of each other. Now based on observation in  
Figure 1, we conclude that the effects of ,  and  are all 
independent of each other.  
 Based on the same data in  
Figure 1, we can conclude that there is a logarithmic 
relationship between the reduction in spatial resolution and 
reduction in bitrate for the videos “city”, “football”, 
“foreman”, “mobile”, and “news”.  On the other hand, there 
is a power relationship for the videos “crew”, “harbour”, 
and “soccer”. The videos in the former group have relatively 
slower motion or have smaller motion areas, while videos in 
the later group have relatively faster motion or have larger 
motion areas. Therefore, we propose a logarithmic function 
for the former group and a power function for the later 
group. Let us denote NRS for slow and fast motion videos 
as  !"  and #
 respectively that are expressed as 
follows. 
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Figure 2: Measured bitrate vs. model prediction bitrate for different spatial resolutions, frame rates and quantization parameters. 
 
 !"() = 1 + %ln   , % < 1   (4) 
#
() = 



(
, ) < 1             (5) 
 The model parameters % and ) are obtained by minimizing 
the root mean squared error (RMSE) between the measured 
and predicted rates corresponding to all  values.  
Table 1 lists the model parameters %, ) and the fitting errors 
between measured and predicted rates in terms of * and 
Pearson correlation (PC). 
 From the graphs in  
Figure 1, it can be deduced that % ≅ 0.31. The value of ) 
depends on the motion content of the video but remains 
within the range of 0.8 ≤ ) < 1. The parameters % and ) 
characterizes how quickly the bitrate reduces as the spatial 
resolution decreases. Some other functions like inverse 
falling exponential has been tried as well but the logarithmic 
and power functions give the least fitting errors for slow and 
fast motion videos respectively.  
The actual bitrates and the model bitrates for the entire test 
sequences for different combination of , , and  are 
compared in Figure 2. As demonstrated in Figure 2, the 
prediction fits the measured data points accurately. This 
justifies our bitrate model defined in (4) and (5). 
 
4. CONCLUSION AND FUTURE RESEARCH 
 
This paper investigates the impact of the reduction of spatial 
resolution on the bitrate of the scalable bitstreams. The 
complete quality model that accounts for all three scalable 
parameters is one of our future research endeavors.  
Through our extensive experiments, it has been observed 
that the reduction in bitrate due to the reduction in spatial 
resolution is independent of the changes in quantization 
parameter and frame rate. The proposed bitrate model for 
spatial resolution fits the measured bitrates accurately, with 
high Pearson correlation (PC) of 0.9948 over 8 test video 
sequences. The complete bitrate model defined in (1) jointly 
with any suitable quality model that accounts for 
quantization parameter, frame rate, and spatial resolution 
can be used for adaptive delivery of scalable bitstreams to 
multiplatform client devices over resource constraint 
heterogeneous networks.  
The research problem addressed in this paper would 
contribute to the design of an adaptive video delivery 
framework based on the availability of bandwidth on the 
network and limitation of the client devices. This would 
facilitate seamless delivery of videos to multiplatform 
mobile devices without requiring time consuming subjective 
quality tests and human involvement. 
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Table 1: Parameters for the rate model, R-square value, and Pearson Correlation. 
 City Crew Football Foreman Harbour Mobile News Soccer 
%, ) % = 0.31 ) = 0.80 % = 0.30 % = 0.30 ) = 0.98 % = 0.31 % = 0.30 ) = 0.85 
* 0.9999 0.9974 0.9786 0.9971 0.9917 1.0000 1.0000 0.9998 
PC 0.9999 0.9994 0.9966 0.9985 0.9977 0.9662 1.0000 1.0000 
